ABSTRACT
INTRODUCTION
Breast cancer continues to be a significant public health problem. Primary prevention seems to be impossible since the causes of this disease still remain unknown. Thus early detection is the key to improving breast cancer prognosis. Screen/Film mammography is one of the most reliable, effective methods for early detection of breast carcinomas in women [1] . Screening of asymptomatic women using screen/film mammography has been shown a significantly reduction of breast cancer death rate.
Major advances in screen/film mammography have been occurred in the past few decades which in turns improved the image resolution and film contrast [2] . Despite of these advantages, screen/film mammography based image interpretation still remains very difficult. Breast mammograms are generally examined in presence of benign/malignant masses and other indirect signs of abnormalities like microcalcifications, skin thickening. The major reason of poor visibility is due to the slight differences of X-ray attenuation between normal glandular tissues and affected mass/microcalcification spots. The extreme small size of microcalcifications is also a reasonable cause of its low contrast appearance in mammograms. These facts create problem in the detection of breast cancer, especially in younger women with dense breasts. For this purpose development of computerized automated breast cancer diagnosis system attracts much attention of the researchers.
As it is described that contrast enhancement of mammographic features is critical but essential for breast cancer diagnosis. Many conventional contrast enhancement techniques adopt a global approach to enhance the images. However, it is quite difficult to enhance all features equally in the mammograms using those global approaches, because many local contrast information and details may be lost in the dark or bright regions of the breast [3] .
As a result local-contrast enhancement techniques are developed to highlight the necessary local features. Adaptive neighborhood contrast enhancement (ANCE) method was implemented for improvement of medical image quality [4] . ANCE method provides the advantages of enhancing or preserving image contrast while suppressing the noise. However, it has a drawback. The performance of the ANCE method largely depends on how to determine the parameters used in the processing steps. In the article [5] , contrast-to-noise ratio (CNR) of the low-contrast lesions is improved relative to the background. Moreover, adaptive contrast enhancement (ACE) algorithm is developed to adjust high frequency components of the images using contrast gains [6] . Incorporat-
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JBiSE ing non-linear function for computing ACE produces an adequate contrast gains resulting in little noise over enhancement. Mammographic feature enhancement algorithms are also key to the detection of breast abnormalities [7] . Lai et al. [8] compared several image enhancement methods for detecting circumscribed masses in mammograms. Authors compared an edge-preserving smoothing function [9] , a half-neighborhood method [10] , k-nearest neighborhood, directional smoothing [11] , and median filtering [12] . In addition, authors also proposed an algorithm of selective median filtering. Among the techniques implemented, they concluded that selective median filtering with a particular size of mask performed best for image enhancement. The fuzzy set theory [13] provides a suitable algorithm in analyzing complex systems and decision processes when the pattern indeterminacy is due to the inherent variability and vagueness. Image enhancement using smoothing with fuzzy sets [14] is developed for improving contrast of the pixels. Adaptive fuzzy logic based contrast enhancement method [15] is also developed to enhance the important mammographic features. In this technique, uncertain nature of mammograms is captured by the fuzzy membership functions. The index of fuzziness along with entropy of an image also reflects a kind of quantitative measure of its enhancement quality [16] . In this approach, fuzzy theory is adapted to the frequency content of each coefficient block in the DCT (Discrete Cosine Transform) encoded JPEG images. In decision making problems, particularly in a case of medical diagnosis, there is a fair chance of the existence of a non-null hesitation part at each moment of evaluation of any unknown object.
Vague Sets (VS) is intuitively straightforward extensions of Zadeh's fuzzy sets [17] . The drawback of using single membership value in fuzzy set theory is that the evidence for an element U u  and the evidence against are mixed together (U is a classical set of objects, called the universe of discourse). The notation of VS, proposed by Gau et al. [18] allows more generalized interval based membership values instead of point based single membership as in fuzzy sets. To be more precise, a basic assumption of fuzzy set theory is that, if we specify the degree of membership of an element in a fuzzy set as a real number from [0,1], say a, then the degree of its non-membership is automatically determined as 1-a, need not hold for vague sets. In VS approach, it is assumed that non-membership should not be more than 1-a. The difference expresses the hesitancy concerning both membership and non-membership of an element to a set. This is mainly due to the fact that VS is more consistent with human behavior by reflecting the hesitancy present in real life situations.
U u 
In the proposed algorithm, VS approach is implemented to develop a selective but robust, flexible and intelligent contrast enhancement method for mammograms. Moreover, the hesitation of the breast mass boundaries and other abnormalities with the surrounding dense breast tissues is captured by VS. Multiresolution technique is incorporated to achieve more accurate enhancement of the detail features. Experimental results successfully enhance the selected mass regions of mammograms. Experimental results evaluate the proposed technique with conventional fuzzy based contrast enhancement methods.
METHODOLOGY FOR CONSTRAST ENHANCEMENT
The overall proposed selective contrast enhancement scheme implemented on mammogram has been demonstrated in Figure 1 stepwise and in subsequent sections. The scheme involves a) decomposition of input images by wavelet transform for multiresolution analysis of coarse and fine objects b) fuzzification by standard FCM with justified number of clusters c) implementation of Vague Set approach for capturing the uncertainties between truly masses/microcalcifications from the surrounding dense glandular breast tissues d) defuzzification of membership functions to the spatial intensity domain and finally e) reconstruction of selectively enhanced image by inverse wavelet transform.
Multiresolution Approach for Decomposition of Input Image in Fine and Coarse Objects
In an image, if both fine and coarse objects or low and high contrast objects are present simultaneously, it is advan- 
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JBiSE tageous to study them at several resolutions. This is the fundamental motivation for multiresolution processing. In the mammograms, very fine shades of gray-level intensities can be pointed out clearly by using multiresolution approach [18] [19] . The mathematical concept behind this approach is described below.
To determine the fine details of level j image, we first interpolate the level j-1 image to produce one of the same sizes as the level j image. This interpolated image is also known as prediction of level j image.
Subtracting the prediction of level j image from the original level j image produces level j residual image. This residual image contains only the fine details or the high frequency sub-band component of level j image. The technique for producing level j-1 approximation and level j prediction residual is the fundamental logic of wavelet based multiresolution processing.
Image pyramid: An image pyramid is a collection of decreasing resolution images arranged in the shape of a pyramid as shown in In multiresolution analysis (MRA), scaling function is used to create a series of approximations of an image, each differing by a factor of 2 from its nearest neighboring approximations. Additional functions, called wavelets, are then used to encode the difference in information between adjacent approximations.
In the multiresolution approach, input image is decomposed into LF and HF subbands by forward wavelet transform whereas after defuzzification, LF and HF subbands are composed by inverse wavelet transform. As shown in Figure 3 , any image of level j can be approximated to level j-1 by applying HAAR wavelet transform. It will contain only the gross structure of level j. The size of level j-1 image is just half of level j image. 
Intensity Based Clustering of LF and HF Details of Input Image Using Fuzzy C-Mean
Fuzzy c-means clustering is the most widely used algorithm of fuzzy classification. While considering the fuzzy set theory, the algorithm is developed based on kmeans clustering. In this algorithm, each pixel does not belong exclusively to any single cluster but is represented by several memberships of each cluster. For a pixel, membership of each cluster is [0,1] and sum of those memberships is defined to be 1. The algorithm is performed with an iterative optimization of minimizing a fuzzy objective function. In fuzzification step, the HF detail image is fuzzified by 3 clusters whereas LF approximate image fuzzified by 4 clusters. This particular choice of clusters represents the different gray shades of mammograms (clusters due to dark, gray, semi bright sets of pixels) along with the mass region (brighter sets of pixels).
Since FCM is intensity based clustering technique, it groups the dark, gray, bright pixels into separate clusters.
Vague Sets for Capturing Incompleteness/Hesitancy of Data
In this section the basic concepts related to Vague Sets (VS) and Fuzzy Sets are described. It is also illustrated that algebraic/graphical representation of VS is more intuitive for capturing the hesitancy or incompleteness of data.
Basics
Let U be a classical set of objects, called the universe of
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Fuzzy Set: A fuzzy set A = {< u, µA(u) > | u  U} in a universe of discourse U is characterized by a membership function, µA, as follows: µA : U → [0,1]. Vague Set: A vague set V in a universe of discourse U is characterized by a true membership function, αV , and a false membership function, βV , as follows: αV: U → [0,1], βV: U → [0,1], and αV(u)+βV(u) ≤ 1, where αV(u) is a lower bound on the grade of membership of u derived from the evidence for u, and βV(u) is a lower bound on the grade of membership of the negation of u derived from the evidence against u.
It can be seen that the difference between VS and FS is due to the definition of membership values. In VS, the boundary (1-β V ) is able to indicate the possible existence of a data value. This subtle difference gives rise to a simpler but meaningful graphical view of datasets. Figure 4 and Figure 5 depict a VS and a FS respectively. It can be seen that, the shaded part formed by the boundary in a given VS in Figure 4 represents the possible "hesitation region" corresponds to the intuition of representing vague data.
In order to compare vague values, it is required to introduce two derived membership values for discussion. 
Defuzzification and Reconstruction of Images Using LF and HF Subbands
In fuzzification step, each pixel-intensity of LF and HF subband images are transformed to intuitionistic fuzzy membership domain. After highlighting the appropriate cluster, both LF and HF subband images are transformed back to the spatial gray-level intensity domain. Then LF and HF subbands reconstruct the resulting image of original resolution by inverse wavelet transform.
RESULTS AND DISCUSSIONS
We have applied the proposed algorithm to a database consisting of 100 images obtained from 
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In detail image, 3 clusters, denoted as A, B & C is presented graphically in Figure 7 . Cluster A indicates the drk background of the images. Cluster B indicates the irregular shades of breast due to dense parencymal tissues and Cluster C represents the fine boundaries of masses present in the mammograms.
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After fuzzification with proper number of clusters, the vague set approach has been introduced for capturing the hesitancy and incompleteness of mammographic features. In the case of approximate images, only cluster D represents the membership function in evidence to true mass region (αV), and clusters A, B, C represent the evidence against the true mass region Thus the average membership function in evidence to false mass region (βV) is calculated by (A+B+C)/3.
Similarly cluster C of detail images, represents the evidence of true mass boundaries (αV) whereas cluster A and B indicate the evidence against the true mass regions. The average membership function in evidence to false mass region (βV) is calculated by (A+B)/2.
The median membership value Mm = (αV+1−βV)/2, is set for the boundary value between the membership functions αV and 1−βV. In the present article, median membership value is considered as the limit of affected mass or other type of breast abnormalities.
The following mammograms are used to demonstrate the improved contrast of masses/microcalfications using VS approach in compare to the standard fuzzy set theory. Figure 8(a) is the original mammogram to be enhanced. Figure 8(b) indicates the improved contrast between true mass region and normal breast tissues using the proposed algorithm, whereas Figure 8(c) highlight the same region using standard FCM. It is noted that Figure 8(b) obtained by VS approach, is capable of highlighting the true masses properly because of its efficiency to handle the uncertainty /hesitancy between true and false membership functions.
On the contrary, the enhanced result obtained by FCM skips to highlight some of the true mass regions that effect severely in proper diagnosis. 
CONCLUSIONS
During the past two decades, interval based intuitionistic fuzzy sets have been used increasingly in the research areas focused on fuzzy sets and fuzzy logic. Goal of this paper is not to develop an interval based fuzzy set approach for handling the imprecise data but to apply more Since medical diagnosis deals with the imprecise and incomplete information, accurate detection of truly affected region as well as degree of prognosis of the diseases is a difficult task. VS approach is then appropriate for the area concerning medical diagnosis. The authors have presented VS approach, which is efficient than the ordinary fuzzy sets for this purpose. The major advantage of VS over conventional fuzzy sets is that, VS includes both positive and negative evidences of an element in the universal set. As a result, the proposed method has the advantages of modelling and analyzing the uncertainties and hesitancies which are present in the diagnostic system in a more flexible and intelligent manner. Measurement of impreciseness in practice, it is found from the experimental results that VS is more natural than the conventional FS, especially for overlapping membership function domain. Introduction of multiresolution analysis makes the methodology more robust in that sense it is capable of enhancing very fine detail features by processing the high frequency subband components. For Mammographic images, ordinary contrast enhancement algorithms are unable to provide good contrast information in the selected region of interests. The concept of VS is found to be applied successfully to the problems of selective contrast enhancement. The resulted performance of the proposed algorithm shows improvements over the ordinary fuzzy based operations.
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